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Studies in adult mammals (rats, cats, mice, and humans) have revealed a surprising regularity 
in the duration of sleep and wake bouts. In particular, wake bout durations exhibit a power-law 
distribution whereas sleep bout durations exhibit an exponential distribution. Moreover, in 
rodents, sleep bouts exhibit an exponential distribution at all ages examined, whereas wake bout 
durations exhibit exponential distributions early in ontogeny with a clear power-law emerging only 
at the older ages. Thus, the data examined thus far suggests a similar developmental trajectory for 
a wide range of mammals which in turn may offer a novel metric to directly compare human and 
animal sleep–wake data. Therefore, we tested the generalizability of these findings by examining 
the distributions of sleep and wake bouts during the night in a healthy human sample – from 
premature infants to 70-year-olds. We find that sleep bouts elongate over the first years. At the 
same time wake bouts shorten but elongate again with increasing age. Moreover, sleep bout 
durations exhibit exponential distributions at all ages tested, except for the youngest (premature 
infants). Wake bouts exhibit a power-law distribution – but only during a restricted time window 
during adulthood. We conclude that the developmental trajectory of human sleep–wake cycles 
does not map well onto those of rodents; however, the method of characterizing sleep–wake 
cycles, using bout distribution, holds great promise for classifying sleep, its disorders, and 
tracking its developmental milestones across the lifespan in humans.
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exhibit an exponential distribution immediately after birth, with 
a clear power-law behavior of wake bouts emerging only after the 
second postnatal week (Blumberg et al., 2005, 2007). This occurs in 
spite of very little change in the overall duration of wake bouts; τ, 
on the other hand, increases sharply over the first postnatal weeks 
(Blumberg et al., 2005).
The data from adult humans, rodents, cats, and neonatal rats, 
therefore, indicate that the power-law exponent, α, is constant 
across multiple adult species; in contrast, the sleep-related time 
constant τ varies across species and age (Lo et al., 2002, 2004). The 
data from developing rats and mice, in turn, shows that during 
early development wake bout durations switch from exhibiting 
exponential to power-law behavior. Considering the conformity 
of the data from adult cats, rats, mice and humans (Lo et al., 2002, 
2004) as well as from developing rats (Blumberg et al., 2005) and 
mice (Blumberg et al., 2007), it is tempting to speculate that these 
trends in sleep–wake bout distribution represent universal mam-
malian phenomena.
Currently, we predict that humans follow a similar developmen-
tal trajectory in sleep–wake bout duration dynamics as rodents. 
If this is the case, it would be most parsimoniously explained by 
a similar developmental trajectory at the neural level. This opens 
novel insights into the neural underpinnings of sleep–wake cycle 
dynamics and will pave the way for inter-species comparisons 
as the only information needed is analysis of the length of sleep 
and wake bouts. Thus, movement based sleep recordings in, for 
example, zebrafish or drosophila can be contrasted against human 
data. In addition, this method holds promise for elucidating the 
INTRODUCTION
In “Study wakefulness. Study the rest-activity cycle. Don’t just study 
sleep” Nathaniel Kleitman argues that the mysteries of sleep may 
be lost to the sleep-researcher who does not also study wakefulness 
(Kleitman, 1970). Indeed, brief periods of wakefulness frequently 
interrupt the much longer sleep bouts during, what to most of 
us seems to be, an uninterrupted night’s sleep. Moreover, these 
awakenings have recently been shown to be non-random events 
(Lo et al., 2002, 2004); the durations of the alternating bouts of 
sleep and wakefulness, which echo changes in the activity of neural 
mechanisms generating the behavioral states, exhibit a statistical 
regularity (Lo et al., 2002, 2004; Blumberg et al., 2005). The inclu-
sion of the structure of durations of bouts of wakefulness as well as 
sleep, thus, holds information on the neural substrates of sleep and 
wakefulness and offers insights not included in many other models 
of sleep regulation (Borbély and Acherman, 2006).
In adult humans the duration of sleep bouts exhibits an expo-
nential distribution with the rule P(t) ∼ exp(−t/τ) where t is the 
duration of an individual sleep bout, while wake bouts exhibit a 
power-law distribution with the rule P(t) ∼ t−α where t is the dura-
tion of an individual wake bout (Lo et al., 2002). Subsequently, it 
was demonstrated that the wake bouts exhibit a scale-free power-
law behavior with an exponent, α, that remains constant across 
species (humans, cats, rats, and mice). In contrast, sleep bout 
durations follow an exponential distribution where τ represents 
a characteristic time scale whose main determinants are body size 
and metabolic rate (Lo et al., 2004). Turning to development, it was 
shown in neonatal rats and mice that both sleep and wake bouts 
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ReCRUITmeNT
For group 1, eight consecutive preterm infants, born between 30 
and 35 weeks of post-conception, were recruited at the National 
University Hospital in Iceland. They were inscribed at the neonatal 
intensive care unit (NICU) and deemed neurologically healthy by 
the attending physician. Parental informed consent was obtained 
by a neonatologist after a detailed description of the procedures 
had been given (two of the eight were omitted from the study: 
legal guardians of one preterm infant declined to take part and one 
recording was not usable for technical reasons). Health status of 
participants in group 1 was obtained from medical records.
For groups 2–7, participants were drawn from a randomized 
sample of 1000 inhabitants from the Reykjavik area, taken from the 
national registry of Iceland. Participants (or their legal guardians) 
were contacted by phone and offered to take part in the study. Of 
more than 250 potential participants contacted, 86 participants 
accepted to take part and were pre-screened for health status over 
the phone; subsequently 21 participants (9 female, 12 male; age 
range 13–66 years) were dropped from the study before undergo-
ing the polysomnography (PSG) due to at least one of the follow-
ing conditions that may alter sleep patterns: obesity, depression, 
insomnia, snoring, alcohol, and/or substance abuse, recent hospi-
talization, or the use of sleep altering medications. One participant 
underwent PSG but was dropped due to suspected hypothyroidism 
and six PSGs were unusable for technical reasons.
QUesTIONNaIRe 
Before the study each participant (or their legal guardians) 
completed a 38-item questionnaire, adapted from the National 
University Hospital of Iceland in addition to the Epworth sleepi-
 development of clinical sleep disorders and comparing them to nor-
mal sleep data, possibly helping with diagnosis (Bianchi et al.). Last 
but not least, the method holds promise for drug development, as it 
allows for drug testing and screening to be done in lower animals, 
e.g., drosophila and zebrafish, before clinical testing is done in rats 
and humans. In sum, the method described here allows for a direct 
comparison of sleep–wake cycles across ontogeny and phylogeny. 
And, in clinical terms the methodology used here could provide a 
novel, simple, metric for screening or for assessing the severity of 
disorders of sleep and wakefulness.
maTeRIals aND meThODs
PaRTICIPaNTs
Fifty-eight participants, from prematurely born infants to 74-year-
olds, provided data used in the study. Data were sampled from 
participants evenly across the lifespan and then assigned to pre-
defined age groups, representing lifespan human development. We 
based our groups on previous studies indicating that the greatest 
changes in sleep-wake dynamics occur early in life (Roffwarg et 
al., 1966). At the young ages sampling was done with shorter age 
intervals. The groups were as follows: Prematurely born humans 
(group 1: 30–35 weeks post-conception); toddlers/children (group 
2: 0–6 years); pre-adolescence (group 3: 7–12 years); adolescence 
(group 4: 13–20 years); young adults (group 5: 21–34 years); adults 
(group 6: 35–60 years), and old (group 7: 61–80 years). The study 
was, thus, conducted on sample that parsimoniously yet fully repre-
sents the human lifespan. The study was approved by the Icelandic 
National Bioethics Committee (permit VSNb2007100011/03-15). 
Participant characteristics  are presented in Table 1; participant age 
and gender are presented in Figure 1.
Table 1 | Participant characteristics.
Group number/age range 1 (30–35 w pc)* 2 (2–6 yrs) 3 (8–11 yrs) 4 (13–16 yrs) 5 (23–33 yrs) 6 (34–56 yrs) 7 (62–74 yrs)
Number of subjects (M/F) 6 (3/3) 11 (8/3) 7 (5/2) 7 (6/1) 11 (3/8) 9 (4/5) 7 (2/5)
Age (mean ± SD) 32.3 ± 2.3 3.4 ± 1.0 9.1 ± 1.3 14.1 ± 1.1 28.3 ± 3.7 44.1 ± 7.6 67.3 ± 4.5
Body mass index (BMI ± SD) 1.5 ± 0.3** 16.4 ± 1.2 17.6 ± 1.9 20.7 ± 4.3 25.6 ± 3.9 26.2 ± 4.2 23.9 ± 2.4
ESS scores (ESS ± SD)  N/A N/A N/A 3.4 ± 3.5 7.8 ± 3.3 6 ± 6.3 7.4 ± 3.5
*pc, post-conception. **weight (kg).
FiGure 1 | Graphical depiction of age and gender of all participants.
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with a nasal cannula. Thoracic and abdominal respiratory move-
ments were recorded by uncalibrated impedance plethysmography. 
Arterial oxygen saturation was measured continuously via an infra-
red finger probe and a piezo-position sensor was used to monitor 
postural changes.
DaTa aNalysIs
Sleep–wake cycles were scored by an accredited sleep technolo-
gist; first the data were analyzed using the built-in analysis 
module of the Somnologica software (Medcare Inc., Iceland) 
subsequently the scoring was adjusted by the technologist. Since 
the PSG records were scored just prior to the AASM release of 
the current manual of scoring sleep and associated events, all 
sleep parameters were scored in accordance to the Rechtschaffen 
and Kales criteria (Rechtscaffen and Kales, 1968). For group 1, 
sleep states were scored using criteria adapted from prior work 
in premature infants (Curzi-Dascalova et al., 1993; Vecchierini 
et al., 2007). Scoring was done on the Neuroscore software (DSI, 
St. Paul, MN, USA). Briefly, sleep and wakefulness was scored in 
30-s epochs, ignoring the distinction between rapid eye move-
ment (REM) and slow wave sleep (SWS) – both were classified 
as sleep. Periods of wakefulness were identified as all epochs 
that contained continuous movements, sporadic single limb 
 movements (5–15 per epoch) with elevated EMG, or elevated 
EMG with a higher ratio of beta (>50%) to delta/theta EEG fre-
quencies. Periods of sleep were identified as all epochs that did 
not contain movements and encompassed discontinuous EEG, 
or contained single sporadic movements (<5 per epoch) and low 
or atonic EMG with a lower ratio of beta (<50%) to delta/theta 
EEG frequencies. In groups 2–7 sleep was scored in 30-s epochs 
according to conventional methods (Rechtscaffen and Kales, 
1968) using the Neuroscore software (DSI, St. Paul, MN, USA). 
After conventional sleep–wake scoring and analysis, all bouts of 
SWS 1–4 and REM were merged, since the following analyses do 
not require information on alternations within sleep states (or 
other parameters such as respiratory indexes, micro-arousals, 
etc.). Next, sleep–wake bout duration data were imported into 
JMP 7.0 (SAS, Cary, NC, USA) and DeltaGraph 5.6.3 (SPSS, 
Chicago, IL, USA) for statistical analysis. Mean durations of sleep 
and wake bouts were calculated for each group. Survivor distri-
butions were produced from each participant as well as from 
pooled data at each age. Data were plotted using log–log and 
semi-log coordinates and regression analyses were performed on 
the data for each participant to assess the r2 values and, there-
fore, the degree of fit of the data to power-law and exponential 
distributions. (To be able to compute the fit to an exponential or 
power-law distribution it is necessary that the data encompass 
five or more transitions between bouts of uneven length; data 
from 18 participants did not reach that criterion and could not 
be used for this part of the analysis). Finally, the values α and τ 
were constructed from log-survivor distributions and compared 
at each age possible. Analysis of variance (ANOVA) was used 
to test for differences across age groups and the Tukey–Kramer 
HSD was used for follow-up tests. Paired t-tests were used to test 
for within-age group differences. For all tests, the Type 1 error 
rate (alpha) was set at 0.05. All means are presented with their 
standard errors.
ness scale (ESS) (Johns, 1991). The questionnaire has been used 
to guide clinical assessment at the National University Hospital in 
Iceland for over two decades – but has not been formally validated. 
Thus, the questionnaire was used only to verify that participants 
did not suffer from conditions known to alter sleep patterns. The 
questionnaire included: five items about smoking and alcohol use, 
open ended questions on medical conditions, hospitalizations, 
and use of prescription medicines; 23 items on sleep quality; four 
items aimed at identifying complaints of restless leg syndrome and 
six items aimed at identifying complaints of respiratory distur-
bances. Legal guardians of participants in groups 1, 2, and 3, only 
answered the first five items on behalf of the participant; partici-
pants in group 4 answered the questionnaire excluding questions 
on alcohol and tobacco use, and the ESS; participants in groups 
5, 6, and 7 answered the questionnaire in full. The questionnaire 
data suggested that none of the 58 participants that provided 
data for the current study suffered any condition that could alter 
sleep patterns.
PROCeDURe
Group 1: Recordings were performed between 23:00 and 06:00 
in an incubator at the NICU. At the NICU, during the period 
between 23:00 and 06:00, an effort is made to minimize envi-
ronmental sounds and dampen the lights to the lowest possible 
level in order to enable infants to obtain sleep while still allowing 
staff to go about their necessary work. Nurses made notes on 
data sheets, listing all interruptions in the infant’s sleep due to 
care, e.g., feeding, diaper change, or any routine clinical checks 
that were made. These epochs were excluded in the data analysis. 
Electroencephalogram (EEG) was recorded continuously from 
four leads, T3, T4, C3, and C4, according to the international 
10–20 system (Ag/AgCl disk electrodes; GrassTM F-E6SHC, Astro-
Med Inc., West Warwick, RI, USA). A ground electrode was placed 
on the forehead. Before  electrode placement, the scalp was cleaned 
thoroughly with abrasive gel to minimize impedance and elec-
trodes were filled with electrode conductance gel (EC2, Astro-
Med Inc., West Warwick, RI, USA). Electrodes were subsequently 
attached to each infant’s head using medical tape. Chin electro-
myogram (EMG) was recorded using gold electrodes. Four piezo-
electric movement sensors, modified to fit premature infants were 
attached to ankles and wrists and used to record limb movements 
(1770G, Astro-Med Inc., West Warwick, RI, USA). All signals were 
sampled at 500 Hz using GrassTM amplifiers (15A12/15A54, Astro-
Med Inc., West Warwick, RI, USA) and GammaTM data acquisition 
software (Astro-Med Inc., West Warwick, RI, USA). In addition, as 
a part of clinical routine electrocardiograph and Arterial oxygen 
saturation was constantly monitored throughout the procedure. 
During the recordings, no significant cardiac or desaturation 
events were noted.
Groups 2–7: Each participant underwent an un-attended ambu-
latory PSG with a digital recording system (Medcare Inc., Iceland). 
The experimenter prepared the recording at the participant’s house 
after 21:00 and instructed the participant to follow their normal 
daily sleep routine as closely as possible. All recordings were per-
formed between 22:00 and 08:00. The PSG included four channels 
(C3-A2; C4-A1; O3-A2; O4-A1) EEG, electrooculogram (EOG), 
chin EMG, and electrocardiogram (ECG). Airflow was recorded 
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and 7 (Figure 3A). It is also noticeable that group 1 exhibits a 
 different pattern from the other two, indicating that the bouts are 
not only shorter but are organized differently. The fit for wake bout 
durations is less clear. Bout durations for group 5 fall to the left 
ResUlTs
sleeP PaRameTeRs
The sleep parameters indicate that the participant sample used 
here represents a healthy cross-section of the population. Sleep 
duration, movement patterns, and neurological status of prema-
ture infants (group 1) are comparable to what has been previously 
reported (Dreyfus-Brisac, 1970; Curzi-Dascalova et al., 1988, 1993; 
Watanbe, 1992; Mirmiran et al., 2003). Sleep parameters for par-
ticipants in groups 2–7 are presented in Table 2. In all age groups 
total sleep time, REM and NREM amounts represent normal values 
(Bliwise, 2005; Carskadon and Dement, 2005), ESS scores do not 
indicate daytime sleepiness (Johns, 1991), and low oxygen desatu-
ration index (ODI) values suggest the absence of sleep disordered 
 breathing (Chiner et al., 1999).
meaN sleeP–wake bOUT DURaTIONs
Mean sleep bout durations differed significantly across the age 
groups tested here (F
6,45
 = 7.6, P < 0.0001). The mean sleep bouts 
are shortest in group 1 and a follow-up test revealed that they 
differ significantly from all other age groups; however, differences 
between all other pairs of means are non-significant. Mean sleep 
bout lengths (in seconds) are as follows: group 1: 647.7 ± 106.7; 
group 2: 1927.2 ± 163.3; group 3: 1828.2 ± 199.3 ; group 4: 
1356.3 ± 147 group 5: 1163.7 ± 149.4; group 6: 1724.6 ± 176.3, 
and group 7: 1465 ± 134.4. Mean bout lengths are depicted as bars 
and significantly different pairs of means are denoted with asterisks 
in Figure 2A.
Similarly, mean wake bout durations differed significantly 
across the age groups (F
6,45
 = 9.2, P < 0.0001). In contrast to 
sleep bouts, the longest mean wake bouts occur in the youngest 
and oldest age groups; the shortest occur in groups 3 and 4. The 
average wake bout durations are the greatest in group 1 and the 
follow-up test revealed that they differ significantly from groups 
2 to 6. Bouts in group 7 were significantly greater than in groups 
2–4. Mean wake bout lengths (in seconds) are as follows: group 
1: 269.1 ± 36.8; group 2: 89.7 ± 16.7; group 3: 64.6 ± 7.5; group 
4: 64.8 ± 13.5 group 5: 94.4 ± 15.03; group 6: 124.5 ± 24.4, and 
group 7: 197.3 ± 43.7. Mean bout lengths are depicted as bars and 
significantly different pairs of means are denoted with asterisks 
in Figure 2B.
bOUT leNgTh DIsTRIbUTIONs Of sleeP–wake CyCles
For clarity, survivor distributions of three selected groups (1, 5, and 
7) are presented in Figure 3. Survival data that follow an exponen-
tial distribution fall on a straight diagonal line on a semi-log plot; 
those that follow a power-law distribution fall on a straight diago-
nal line on a log–log plot. From the plots it can be seen that sleep 
bout durations follow an exponential distribution in age groups 5 
FiGure 2 | (A) Mean sleep bout durations in age groups 1–7. Line and 
asterisk indicate that the mean sleep bout duration of age group one is 
significantly smaller than in all other groups. (B) Mean wake bout durations in 
the age groups 1–7. Lines and asterisks indicate that the mean wake bout 
duration of age group one is significantly larger than in all other groups except 
group 7 and the mean wake bout duration is significantly longer in age group 7 
than in groups 2–4.
Table 2 | Sleep characteristics.
Group 2 3 4 5 6 7
TST (during night) 629.6 ± 58.3 439.9 ± 71.1 508.8 ± 64.9 411.6 ± 17.6 435.7 ± 14.2 380.6 ± 13.7
%REM of TST 23.9 ± 2.6 22.5 ± 1.6 20.7 ± 1.1 22.4 ± 1.4 18.9 ± 1.0 20.8 ± 1.2
%NREM of TST 75.2 ± 2.6 77.6 ± 1.6 79.3 ± 1.2 77.2 ± 1.6 81.1 ± 1.0 79.2 ± 1.2
ODI 2.7 ± 0.8 1.2 ± 0.5 0.9 ± 0.2 2.0 ± 0.8 5.8 ± 1.8 10.0 ± 5.4
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Paired t-tests were used to assess the degree of fit to power-law 
or exponential distribution at each age, revealing which distribu-
tion better describes the bout duration data at each age. Figure 4 
depicts the r2 values produced using regression analyses of sur-
vivor data across all the age groups tested; significant differences 
between pairs are denoted with asterisks. At all age groups, except 
group 1, sleep bout durations exhibit significantly better fit to an 
exponential distribution. In age groups 1–5 wake bout durations 
do not exhibit a significantly a better fit to either a power-law or 
exponential distributions; however, in group 6 the wake bout dura-
tions do exhibit a better fit to a power-law distribution, whereas, 
in group 7 the trend reverses and wake bout durations exhibit a 
better fit to an exponential distribution.
Due to the constant exponential behavior of sleep bout dis-
tributions we could track the evolution of the time constant, τ, 
across the lifespan. As expected, τ closely follows the mean sleep 
bout length across the age groups. A one-way ANOVA, however, 
revealed a non-significant main effect of age on τ (F
6,51
 = 0.8). The 
time constants were as follows (in minutes): group 1 = 22.9 ± 11.2; 
group 2 = 37.9 ± 3.8; group 3 = 38.7 ± 9.2; group 4 = 26.9 ± 4.5; 
group 5 30.4 ± 3.7; group 6 = 36.8 ± 8.0; group 7 = 31.1 ± 4.7. 
(indicative of the shorter bouts) reflecting that wake bout length 
exhibits a U-shaped curve across development in humans; however, 
in contrast to rats (Blumberg et al., 2005), a clear straight-plot 
does not emerge.
To assess whether the sleep and wake bout functions are better 
described by exponential or power-law distributions at each age, 
regression analyses were performed for each participant, plotting 
the data using semi-log or log–log coordinates. For sleep bouts 
ANOVA revealed a significant effect of bout distribution (power-
law vs. exponential) (F
1,115
 = 111.3, P < 0.0001) but no significant 
difference between age groups (F
6,38
 = 0.8) and no significant age 
group × bout distribution interaction (F
6,115
 = 2.2). For wake bouts 
ANOVA revealed that there were no significant differences between 
bout distributions (F
1,87
 = 0.3) but significant effects of age group 
(F
6,87
 = 3.1, P < 0.01) and age group × distribution interaction 
(F
6,87
 = 2.7, P < 0.05). The interaction was due to large changes 
in distribution over the age groups 6 and 7; in age group 6 wake 
bout durations fit significantly better with a power-law distribu-
tion (t = 2.42, df = 9.57, P = 0.036) whereas in age group 7 they 
fit significantly better with an exponential distribution (t = 3.28, 
df = 5.51, P = 0.019).
FiGure 3 | Survivor plots of sleep (A) and wake (B) for participants in age 
groups 1, 5, and 7; premature infants, 23- to 33-year-olds and over 62-year-
olds, respectively. Each plot encompasses pooled data at each age. On the 
left, plots constructed using semi-log coordinates are depicted: straight 
diagonal lines on these plots indicate an exponential distribution of 
bout lengths. On the right, plots constructed using log-log coordinates 
are depicted: straight diagonal lines on these plots indicate a 
power-law distribution.
Frontiers in Neurology | Sleep and Chronobiology  December 2010 | Volume 1 | Article 156 | 6
Arnardóttir et al. Human sleep–wake cycles
DIsCUssION
We recorded and analyzed sleep–wake cycle data in healthy humans 
across the lifespan. The current findings offer support for the notion 
that sleep bout durations exhibit exponential behavior virtually 
throughout the lifespan; however, in contrast to what might be 
expected from prior rodent data (Blumberg et al., 2005), wake bout 
durations only exhibit power-law behavior during a restricted devel-
opmental time window. In the current study sleep data is collected at 
night only and the participants were instructed to closely follow their 
normal routine. This was done to maximize the likelihood of record-
ing normal alternations of sleep and wake during the night’s sleep. 
Detailed analysis of the development of total sleep times, which is 
beyond the scope of this paper, necessitates 24-h recordings.
The mean sleep bout length exhibits a striking increase between 
the first and second age groups, that is, between prematurely born 
infants and 2- to 6-year-olds (see Figure 2A). After that, surpris-
ingly, remarkably little changes occur. This is partly consistent with 
prior studies on infants showing consolidation of sleep bouts with 
age (Kleitman and Engelman, 1951; Dreyfus-Brisac, 1970; Curzi-
Dascalova et al., 1988). The large differences in mean bout durations 
between the first and second age groups suggest that more densely 
sampled age groups over the first postnatal year are needed to fully 
describe this trend, whereas less dense data sampling at the older 
groups will suffice. Indeed, in a prior study, the development of 
sleep–wake bout durations in rats was described over the first 21 
postnatal days, describing large differences and clear trends in bout 
length and distribution (Blumberg et al., 2005). The first 21 postnatal 
days in rats all roughly correspond to what is classified here as group 
1 (Clancy et al., 2001). Mean wake bout lengths exhibit a U-shaped 
curve when examined across the lifespan. That is: the wake bouts 
shorten dramatically over the first age groups and then gradually 
increase again – approximating the levels of premature infants in the 
oldest (+62 years) group. It is important to note that this increase in 
wake bout length occurs in a healthy population and is, therefore, 
not due to an increase in age-related illnesses. The increase in the 
mean wake bout length may thus reflect a normal age-associated 
inability to re-enter the sleep state after an awakening.
In all age groups, except for the youngest (premature infants), 
sleep bout durations exhibit an exponential distribution. This is 
partly in agreement with prior studies showing that both infant and 
adult rats, and other adult mammals, exhibit an exponential distri-
bution of sleep bout durations (Lo et al., 2004; Blumberg et al., 2005). 
From the prior data one may have predicted that humans would 
exhibit exponential distribution of sleep bouts at all ages. Wake 
bouts exhibited a significantly better fit to a power-law distribution 
at age group 6 (34–56 years), but to an exponential distribution at 
age group 7 (+62 years). In all other age groups there were non-
significant differences between the fit of wake bout durations with 
power-law or exponential distribution. Interestingly, age group 6, 
which indeed did exhibit a power-law distribution, is also the group 
that best corresponded to the age group used in the prior adult 
human study (i.e., 23–57 years of age compared to the 34–56 years 
of age currently used). The power-law distribution of wake-bouts 
may, thus, reflect a developmental stage of mammalian life where 
the most rapid ontogenetic changes have occurred but before the 
aging process has begun. Consistent with this notion is the fact that 
the longest wake bouts occur at the two extremes of the age groups 
In comparison, a previous study, performed on participants 
aged 23- to 57-years-old, found a time constant of 20.0 ± 5.0 
(Lo et al., 2002).
Only in one age group (6), did wake bouts exhibit power-law 
behavior, rendering it valid to calculate the exponent, α, which 
measured 0.9 ± 0.12 compared to 1.3 ± 0.4 in the previous adult 
human study (Lo et al., 2002).
FiGure 4 | Values of r2 produced using regression analysis of survivor 
data at all ages examined. For each participant the degree of fit to 
exponential or power-law distribution was determined. (A) Average fit with 
exponential and power-law distribution for sleep bouts is depicted for each 
age. At all ages, except for the premature infants, sleep bouts are better 
described by an exponential distribution. (B) Average fit with exponential and 
power-law distribution for wake bouts is depicted for each age. For age groups 
1–5 there is no significant difference between the fit to either distribution. At 
age group six wake bout lengths fit power-law distributions significantly better, 
whereas, at age group seven the inverse is true. Significant within-age 
differences are represented by an asterisk.
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be analyzed in a manner directly and meaningfully comparable to 
humans; paving the way for novel, simple animal models of sleep 
disorders (Hendricks et al., 2000). Moreover, since fewer param-
eters are needed for analysis, a simple measuring device will suffice 
for recording, rendering large-scale sleep–wake cycle recordings in 
humans achievable. Finally, we hypothesize that this method could 
be used to assess developmental processes. Performing a full PSG 
on neonates and infants is notoriously hard. Recording their sleep–
wake cycles with simpler devices, using, for example, movement or 
EMG as key indicators, will provide sufficient data for the analysis 
routines described here. The immense changes in sleep–wake bout 
length and structure over the first months and years of life indicate 
that they could be used for gauging developmental milestones.
Rodent data indicates that the elongation of sleep–wake cycles 
depends on the functional integration of hypothalamic to mesopo-
ntine structures (Karlsson et al., 2004). Drastic change in sleep–
wake bout length between participants in groups 1 and 2 in the 
current study could possibly be explained by similar neurological 
changes. The emergence of power-law behavior of wake bouts, 
 however, has been shown to depend on the hypocretin system 
and the functional integrity of the locus coeruleus in rodents 
(Blumberg et al., 2007; Gall et al., 2009) and this fact is hard to 
reconcile with the late emergence of power-law behavior of wake 
bouts in humans. Possibly, the fit to either power-law or exponen-
tial behavior reveals a balance between rostral (e.g., basal forebrain 
and hypothalamic) and caudal (e.g., laterodorsal tegmental and 
pendunculopontine nuclei) neural structures; a balance that is 
tilted toward power-law during a restricted period during adult-
hood in humans.
We, thus, agree with Nathaniel Kleitman that sleep researchers 
should also study wakefulness; study the rest–activity cycle and not 
just study sleep. We have shown that in humans there is not a clear 
early developmental switch from exponential to power-law behav-
ior of wake bouts, however, comparable with that seen in other 
mammals humans do exhibit an exponential distribution of sleep 
bouts post-natally. We conclude that the novel method of character-
izing sleep–wake cycle dynamics discussed here holds promise for 
garnering novel, simple, ways of classifying sleep, its disorders, and 
tracking its developmental milestones across the lifespan.
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examined here; however, in spite of the mean wake durations being 
similar, 269.1 ± 36.8 and 197.3 ± 43.7 s in the youngest and oldest 
age groups, respectively (NS), the bout length distributions differ 
widely. In the premature group the r2 to exponential and power-law 
distribution is 0.87 ± 0.03 and 0.86 ± 0.04 (NS), respectively, whereas 
the r2 in the oldest group is 0.92 ± 0.02, and 0.77 ± 0.04 (t = 3.28, 
df = 5.51, P < 0.001). This suggests that the elongated wake bouts 
of infancy and old age are of different neural origins.
The values of the exponent, α, and the time constant, τ, obtained 
here are roughly comparable to previously reported values (Lo et al., 
2002). The value of α is somewhat smaller: 0.9 ± 0.12 compared to 
1.3 ± 0.4. Possibly this discrepancy is due to different populations 
sampled, in the original report only age range and gender is given 
but not information on other parameters that are likely to affect 
sleep–wake cycle distributions (e.g., weight, drug intake, health sta-
tus, etc.). The time constant, τ, is related with body size and age, as 
demonstrated by the increase in τ in larger species and increase in τ 
over the first postnatal weeks in rats (Lo et al., 2004; Blumberg et al., 
2005). The currently documented changes in τ, albeit non-significant, 
reveal a trend where the largest difference may occur between age 
groups 1 and 2. This period is obviously a period of rapid increase 
in body weight but also of massive neural growth. Since the value of 
τ does not significantly correlate with increased body weight in age 
groups 2–7 (mean weights in groups) it is tempting to conclude that 
during development τ foremost reflects neural changes, or even the 
degree of encephalization, rather than changes in body weight.
This novel method of classifying sleep-wake states only requires 
knowledge on the duration of sleep and wake bouts, as opposed to 
the detailed knowledge of REM–NREM alternations, micro-arous-
als (too short to be classified as an epoch of wakefulness), or other 
phenomena required for traditional analysis methods (Rechtscaffen 
and Kales, 1968). This is important for several reasons. First, the 
bout distributions hold promise for screening of sleep disorders. 
As seen above, wake bout duration increases and becomes expo-
nentially distributed with age in the healthy sample recorded here. 
Since most sleep disorders include sleep fragmentation, it is rea-
sonable to assume that this trend is hastened in a younger – but 
unhealthy – population. Experiments performed in young rats and 
mice have indeed shown that insults to neural systems integral to 
sleep and wakefulness and sleep deprivation fundamentally alter 
sleep–wake bout distributions (Wisor et al., 2001; Blumberg et al., 
2007; Gall et al., 2009; de Souza et al., 2010). We hypothesize that a 
comparison of healthy and a well-defined patient population (e.g., 
sleep apnea patients) will reveal significant differences in α and τ 
parameters. Indeed, it has been shown that sleep apnea significantly 
modifies sleep stage transitions (Bianchi et al., 2010) Second, since 
electrographic criteria are not a necessary pre-condition for the 
analysis (Blumberg et al., 2005), data from a large group of animals 
that have only recently begun to be used in sleep research, such as 
fruit flies and zebrafish (Shaw et al., 2000; Zhdanova, 2006), can 
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